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Abstract— CT images can be reconstructed analytically or
iterati vely. The analytic methods,e.g. �lter ed backprojection, are
known to be computationally inexpensive and highly accurate.
Iterati ve reconstruction seemsof high interest since better dose
usageis expected.

However, iterati ve methods are computationally extremely
expensive and therefore have been applied to modalities with
low amounts of data (e.g. PET) only. A promising algorithm for
CT is the ordered subsetconvex (OSC) whoseinitial design has
recentlybeensigni�cantly impr ovedand now achieveshigh image
quality.

Recently, a novel general purpose architecture optimized for
distrib uted computing became available: The Cell Broadband
Engine (CBE). Its eight synergistic processingelements(SPEs)
curr ently allow for a theoretical performance of 192 GFlops. We
aim at maximizing the OSC image reconstruction speedfor �at–
panel–basedcone–beamCT such as micro–CT or C–arm–CT.
For this geometryhighly optimized perspective CBE–basedcone–
beamforward- and backprojection algorithms were designedand
implemented.

Performance was assessedby reconstructing a 5123 volume
fr om 512 cone–beam projections of size 10242. In combina-
tion with a preceding Feldkamp–type initialization, four OSC
iterations tur ned out to be suf�cient to achieve high image
quality. Using both CBEs of our dual Cell–basedblade (Mercury
Computer Systems)allows to reconstruct the whole volume in
about one minute.

I . INTRODUCTION

STATISTICAL CT imagereconstructionhasthe potential
to signi�cantly reduceimagenoiseand therebyimprove

the doseusage.Dose is not only an issuefor clinical appli-
cations such as medical CT or C–arm–CT. It also plays a
role in preclinical imaging where small animalsare repeat-
edly scannedin–vivo within longitudinal studies.However,
statisticalimagereconstructionis iterative andthereforerather
time–consuming.

Therehave beenmany extensionsto statisticalreconstruc-
tion algorithmsin thelastdecades,notmany of themdedicated
to transmissiontomography. Recently, theorderedsubsetcon-
vex (OSC)algorithmwasappliedto simulatedandmeasured
dataand it was found that, given properimageinitialization,
only four iterationsare requiredto achieve suf�cient image
quality [1], [2], [3], [4], [5].

Despitetheseachievementsreconstructiontime is still pro-
hibitive. Attemptshave beenmadeto acceleratethe algorithm
on graphical processingunits (GPU). Reference[6] claims
195 s per GPU–acceleratediteration where 256 projections
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Fig. 1. The Cell BroadbandEngine(CBE).

and a 2563 volume are used.Scaling to 5124 introducesa
factor16 andyields 52 min per iteration.This performanceis
far from beingacceptablefor routinescanswherescantimes
in the rangeof 5 s to oneminutearepushing.

To maximizeperformancewe implementedOSCon theCell
BroadbandEngine (CBE). Cell processors(see Fig. 1) are
generalpurposeprocessorsthat combinea PowerPCelement
(PPE, “manager”) with eight synergistic processorelements
(SPE,“worker”) [7], [8], [9]. TheSPEsarethemostinteresting
feature of the Cell processor, as they are the sourceof its
processingpower. A singlechipcontainseightSPEs,eachwith
ansynergisticprocessingunit (SPU),amemory�o w controller
(MFC), and 256 kB of SRAM that are usedas local store
(LS) memory. The LS runs in its own addressspaceat the
full 3.2 GHz clock frequency.

I I . METHOD

Basedon the OSCupdateequation[1]
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with

f � : Currentimage
f � +1 : Next image
p : Rawdata
FP(�) : Forwardprojection
BP(�) : Backprojection

we implementeda Cell–basedversion of OSC. The main
effort was to optimize the implementationsof the forward
projectionoperatorFP(�) and of the backprojectionoperator
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Fig. 2. Direct perspective forward-andbackprojectionwith therealdetector.
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Fig. 3. Fast perspective forward- and backprojectionwith a virtual ideal
detectorparallel to oneof the volumefaces.

BP(�) whichusuallyaretheperformancebottleneckin iterative
imagereconstruction.

Since our interestmainly lies in preclinical imaging and
in C–arm CT (which both are cone–beam�at–panel CT
modalities) we use a projection geometrywhich is mathe-
matically known asperspectivetransform(seeFig. 2). It can
be describedby twelve perspective transformcoef�cients cij

that may vary from projectionto projection,i.e. cij = cij (n)
wheren denotesthe projectionindex or trajectoryparameter.
Theanalyticalrelationbetweenthespatialdomaincoordinates
r = (x; y; z) and the detectorcoordinates(l ; m) is given by
the perspective transform

m(n; x; y; z) =
c00(n)x + c01(n)y + c02(n)z + c03(n)
c20(n)x + c21(n)y + c22(n)z + c23(n)

(2)

l(n; x; y; z) =
c10(n)x + c11(n)y + c12(n)z + c13(n)
c20(n)x + c21(n)y + c22(n)z + c23(n)

(3)

To maximizeperformance,our implementationperformsan
initial “real–to–ideal”detectorrebinningto align theinitial real
datainto an ideal detectorparallel to oneof the volumefaces
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Fig. 4. Sketch of the interactionof the manager(left side) and the 8–16
workers(right side)in our CBE–basedimplementationof the OSCalgorithm
with Feldkampinitialization. BP standsfor backprojection,FP for forward
projection. Num and Denom symbolize numeratorand denominator, resp.
(without the backprojection,i.e. the terms in brackets) of equation(1). Sub
indicatesthat only a small part of the rawdataandvolumecanbe hold in the
worker memory.

(seeFig. 3). The rebinning is performeddestination–driven
and uses bilinear interpolation. Note that the real–to–ideal
rebinningis doneonly onceduring imagereconstruction.The
subsequentforward-andbackprojectionsaresimplemappings
of the volume slices onto the detectorand vice versa.They
arealsodestination–driven andusebilinear interpolation.The
favorablepropertyof the ideal detectoris that c02 = c10 =
c20 = c22 = 0 (in caseof a x–z–alignmentas shown in
Fig. 3). Basedon the dataon the ideal detectora Feldkamp
(FDK) reconstruction(c.f. [10]) is performedasinitialization,
followed by the OSCiterations.

Fig. 4 illustratesour implementationof the OSCalgorithm
specializedfor theCBE. Theworker's local storeis limited to
256kB each.This requiresto useahierarchicalmemorylayout
and to processsmall sub–volumesrather than the complete
volume.Note that all time–consumingoperationsrun on the
workers. We highly optimized the worker codeby manually
unrolling all inner loops which minimizes latency (for code
examplessee[11], [12]).

I I I . RESULTS

Table I summarizesthe Cell performancevaluesmeasured
on a singleCBE with 3.2 GHz for an OSCreconstructionof
512 projectionsof size 1024� 1024 (which were downsam-
pled to 512 � 512 for the OSC forward projections)and a
reconstructedvolumesizeof 512� 512� 512.

To analyzeresolutionandnoisecharacteristicsof the FDK
and OSC algorithms we simulateda noisy water phantom
with a in�nitely small metal insert (delta function). OSC



OSCprocessingsteps Time Frequency

Real–to–idealrebinning 4.0 s once

FDK imagereconstruction 15.4 s once

Smoothingof FDK image 1.5 s once

Oneforward projection 13.2 s eachiteration

Exponentials 6.0 s eachiteration

Two backprojections 20.4 s eachiteration

Volumeupdate 0.2 s eachsubset

Total (4 iterations,16 subsets) 192 s

TABLE I

CBE TIMING OF THE OSC ALGORITHM .

was initialized with a smoothedFDK image. We de�ned a
dimensionlessquality factorQ as [13]

Q /

s
1

(FWHMx + FWHMy )3 � FWHMz � Noise2
(4)

The resultsareshown in TableII. We observe a signi�cant
increaseof imagequality after 4 OSCiterations.This canbe
convertedto a dosereductionby up to 45%at constantimage
quality.

Fig. 6 shows thereconstructionsof a mousescannedwith a
micro–CT–scannerTomoScope30s(seeFig. 5). Also thepure
visual impressshows a signi�cant increaseof imagequality
after 4 OSCiterations.

IV. CONCLUSION

Iterative and in particular statistical image reconstruction
hasthe potentialto becomeroutinely available with the high
performanceprovided by the Cell BroadbandEngine.
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FDK FDK
smoothed

OSC
2 iterations

OSC
4 iterations

OSC
6 iterations

FWHMx 0.755 0.983 0.918 0.871 0.837

FWHMy 0.706 0.965 0.906 0.862 0.831

FWHMz 0.744 0.979 0.914 0.866 0.831

Noise 80.8 47.8 47.0 46.9 47.0

Quality 1.00 0.96 1.11 1.24 1.33

Dose
requiredfor
constantquality

1.00 1.09 0.810 0.655 0.563

TABLE II

ANALYSIS OF NOISE AND RESOLUTION. FWHMS ARE SCALED IN ARBITRARY UNITS, NOISE IS SCALED IN HU.

Fig. 6. Micro–CT reconstructionof a mouse.Upperrow: Feldkamp(FDK). Lower row: OSCafter4 iterations.Thenoisein themarkedROIs is � = 112 HU
for FDK and � = 70 HU for OSC.The HU window is (C/W) = (100=750).


